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Full research paper—Online education can be delivered in
many ways. For example, some MOOCs let students to proceed
with their own pace, while others rely on strict schedules. Al-
though the variety of how MOOCs can be organized is generally
well understood, less is known about how the different ways of
organizing MOOCs affect retention. In this work, we compare
self-paced and fixed-schedule MOOCs in terms of retention and
work-load. Using data from over 8.000 students participating in
two versions of a massive open online course in programming,
we observe that drop-out rates at the beginning of the courses
are greater than towards the end of the courses, with self-paced
MOOC being more extreme in this respect. Mostly because of
different starts, the fixed-schedule course has a better overall
retention rate (45%) than its self-paced counterpart (13%). We
hypothesize that students initial investment of time and effort
contributes to their persistence in their course, meaning that they
do not want to let their initial investment go to waste. At the
same time, in both self-paced and fixed-schedule MOOCs, there
are students who receive almost full points from one week but fail
to continue to the next week. This suggests that the issue of drop-
outs in MOOCs may also be related to participants struggling
to take up new tasks or schedule their work over a longer time
period. Our results support scheduling student activities in open
online courses and opens up new research directions in engaging
students in self-paced courses.
Index Terms—Student persistence, open online course, intro-
ductory programming, MOOC
I. INTRODUCTION
The term massive open online course (MOOC) became
popular in late 2011 with the “Introduction to Artificial
Intelligence” MOOC with over 160,000 enrolled students.
The perceived success of the course led to many institutions
offering their courses for free for anyone. At the peak of
the hype, MOOCs were present also in the popular media,
including New York Times, which dubbed the year 2012 as
“The Year of the MOOC” [1].
While MOOCs were supposed to revolutionize higher edu-
cation, creating an opportunity where anyone anywhere could
attend high quality courses, it soon became evident that this
would not happen [2]. High enrollment rates were followed
by poor completion rates, which were suggested to be even
under 5% [3], [4]. Moreover, those who complete MOOCs
often have prior experience in MOOCs and are typically older
and more educated, with an intent to complete the course [5].
MOOCs have also been reported to decrease gender balance
in already segregated fields such as computing [6].
Participation in MOOCs has been discussed using term
“funnel of participation” [7]. This funnel includes four steps:
(i) Awareness of a MOOC exiting, (ii) Registration to the
MOOC, (iii) Activity on the course, and (iv) Meaningful
learning progress. Based on [7], only a small fraction of
students continue to the next step. Using such terminology
does not, however, account for when a student drops out,
assuming that the student is active in the course.
To make matters more complicated, MOOCs come in many
shapes, forms and flavors [8]; For example, some MOOCs are
meant for self-paced learning, where there are no deadlines
or tutoring is available. In contrast, some other MOOCs are
associated with a fixed schedule, where the course mimics a
traditional university course, advancing in a step-wise fash-
ion in accordance to a predefined timeline, following strict,
measurable learning goals.
In this work, we describe a MOOC in programming, and
discuss our experiences in students dropping out from two
versions of the course, one being self-paced and the other
relying on a fixed schedule. In particular, our focus is on at
which point of course week students drop out, reflecting on
how the dropouts provide information to the course designers.
The rest of the paper is organized as follows. Next, in
Section II we provide some background for the paper, and
present our research questions. Then, in Section III we outline
the course and data that is used to describe our experiences.
This is followed by an analysis of the data to support our
experiences in students dropping out from the course in
Section IV. Section V discusses the results, indicating possible
explanations for the observations. Finally, Section VI draws
some final conclusions.
II. PROGRAMMING MOOCS AND DROPOUT
A. Retention in MOOCs and Programming
Over the years, MOOCs have gained popularity and have
attracted millions of online users. Despite their obvious ad-
vantages, MOOCs have been criticized for the low completion
ratio [9], [10]. A systematic mapping study published in 2019
identified 18 key topics in MOOC research, highlighting that
the five most researched topics associated with MOOCS were
retention/dropout, instructional design, engagement, student
behavior, and assessment [11]. A general finding is that the
student’s ability to find and manage time effectively is one
of the reasons why students complete or drop out of MOOCs
[12]. Consequently, considering the difference between self-
paced and fixed-schedule MOOCs requires more thorough
investigation.
Programming courses are, unfortunately, no exception to the
rule of low student retention in MOOCs. Khalil and Ebner
[13] quote statistics that show popular programming courses,
organized on the MOOC platforms Coursera and edX, have
a student retention rate ranging from 0.9% to 20% which is
aligned with MOOCs across domains. Moreover, in program-
ming, the high dropout rates are not restricted to MOOCs,
and even in computing education research, statement that
”programming is difficult” is one the most used premises [14].
There are some positive exceptions to the high dropout rates,
where programming MOOCs have had a retention rate of over
60% [15]. Previous studies have outlined several factors that
can lead to improved student retention rates in programing
MOOCs.
The course content itself has been identified is a key factor
driving retention [16]–[19]. These studies show that content
can, e.g., provide a suitable level of difficulty for students,
allow them to learn by doing or provide automatic feedback
to keep the student engaged in the course. Feedback in its
many forms is often seen as the most powerful influences on
learning [20].
Social learning also improves student retention. Several
studies have emphasized the engaging effect of interacting
with an instructor or other students [16], [18], [19], [21], [22].
Conversely, the lack of interaction can cause students to feel
isolated and thus increase the likelihood of dropout [16].
In addition to these attributes of the course, students’
personal characteristics affect retention. Factors such as the
student’s level of motivation and their aptitude in online
learning have been found to have an effect [16], [19], [22].
Also individual contextual factors, such as lack of time or
conflicts with other areas of life such as family or work are
significant [13], [19], [22]. The latter observation supports a
demand for the present study, linking course scheduling and
student retention.
Student dropout is not a consistent phenomenon throughout
a programming MOOC. Hone and El Said [16] found that
dropout is more likely at the first half of the course, with
similar observations reported by other studies [5], [17]. More
specifically, students are most likely to drop out at the very
beginning of the course with a decreasing likelihood as the
course progresses. Hone and El Said [16] speculate that this
may be due to loss aversion when students have already
invested time and effort into the course and risk losing the
possible gains by dropping out.
B. Self-paced and fixed schedules
There is an ongoing discussion about the benefits of self-
paced [17], [23]–[25] – sometimes called asynchronous [17]
– MOOCs in comparison to scheduled MOOCs. The latter
have also been dubbed as synchronous [17], instructor-paced
[17] MOOCs, or as MOOCs with pre-defined [23] or fixed
schedule [23], [25]. When access to instructors is included in
the process, a term tutoring MOOC [24] is also used.
On one hand, the analysis presented in some articles sup-
ports a self-paced setting [3], [13], [25], [26]. In particular,
MOOCs should have longer periods for assignments [27]
and include mechanisms to cope with unexpected life events
rather than motivational messages to reduce the dropout rate
[28]. The analysis of indicators related to self-regulation (e.g.,
amplitude of intervals between logins) can provide insights
about students’ sense of timeliness [29] and ability to organize
one’s own learning in a MOOC, which is related to clear
objectives [30]. Khalil and Wong found that learning session
duration impacts students completion rate in MOOCs [31],
which could be taken into account when defining deadlines in
fixed schedule MOOCs.
On the other hand, in some other articles, fixed-schedule
MOOCs are suggested to obtain greater engagement of stu-
dents [17], and self-paced progress and assessments are in-
dicated as solutions that make students more lethargic [32].
Sannicandro et al. [24] found no difference in likelihood of
dropout between the two types of MOOCs. Vitiello et al.
[23] attempted to predict dropouts from early course behavior,
comparing self-paced and fixed-schedule MOOCs; however,
the effect of schedule could not be isolated, due to the
differences of topics, target group and organizing university.
C. Research Questions
Although previous research has shed light on retention in
online education as well as on the role of external guidance
in web based learning, details of how self-paced and fixed-
schedule MOOCs differ in terms of participatory pattern are
not well understood at the moment. Therefore, in this research,
we will answer the following questions:
1) What are the differences in retention between the stu-
dents in the self-paced and fixed-schedule MOOCs?
2) How does the effort (e.g., number of exercises or active




The study was conducted in two versions of a free and
open online introductory programming MOOC offered by the
University of Helsinki in 2019. The MOOC teaches basics
of programming with Java, ranging from procedural program-
ming to object-oriented programming, covering also principles
of algorithms (sorting and searching) and testing of programs.
The workload of the course is 5 ECTS, which corresponds to
approximately 150 hours of study work. Students participating
in the MOOC have access to an online workbook with
theory, questions, and programming assignment handouts. The
materials are divided into seven units, which correspond to
study weeks.
While the programming assignment handouts are a part of
the workbook, students work on the programming assignments
on their own using an integrated development environment.
Each week, there are dozens of programming assignments
which combine into larger programs and demonstrate how pro-
grams are constructed using a divide-and-conquer approach.
Worked examples of similar programs are embedded in the
materials. The programming assignments are returned to an
automated assessment system, which grades the work and
provides feedback.
The two versions of the course, which we study, differ in
their schedule and grading. One of the courses set weekly
release dates and fixed deadlines (later referred to as fixed-
schedule), while the other had no deadlines except a course
expiration date (later referred to as self-paced). Table I out-
lines the schedule for fixed-schedule version, as well as the
assignment count in each part for both courses. The materials
for each part of the self-paced MOOC were released after the
deadline of that particular part in the fixed-schedule MOOC,
and the course could be started and worked on until January
2020.
TABLE I
SCHEDULE OF THE PROGRAMMING ASSIGNMENTS FOR THE
FIXED-SCHEDULE MOOC.
Part Release Deadline Weeks Assignments
I 14.12.2018 21.1.2019 5.5 41
II 28.12.2018 28.1.2019 4.5 33
III 11.1.2019 4.2.2019 3.5 34
IV 25.1.2019 11.2.2019 2.5 28
V 1.2.2019 18.2.2019 2.5 17
VI 8.2.2019 25.2.2019 2.5 14
VII 15.2.2019 4.3.2019 2.5 9
The grading of the fixed-schedule MOOC is based on
the number of completed assignments (50% of the overall
course points) and an online exam (remaining 50% of the
overall course points), which contains similar programming
assignments to those given in the course. In order to pass the
course, one must receive at least 50% of the overall course
points and at least 50% of the points available in the online
exam. The highest grade is obtained by gaining at least 90%
of the overall available points. In the self-paced MOOC, one
can proceed to the next part of the course once they have
completed at least 90% of the programming assignments in
the previous part, and the grade is formed solely based on the
end of course online exam.
B. Participants and data collection
At the beginning of the course, all participants were asked
a consent, which allows the use of their data for research pur-
poses. For the fixed-schedule MOOC, 4162 students provided
research consent and completed at least one programming
assignment, while for the self-paced MOOC the corresponding
number is 5309. 616 students had participated on both course
versions and were removed from the analysis. After that, we
had data from 3546 students participating the fixed schedule
course and 4693 students participating the self-paced course.
The course was given for free for anyone, and in addition
to those not affiliated with any university or college, it is
also attended by participants from various universities and
colleges, including the University of Helsinki that offers the
course. The number of local students was marginal compared
to the course size. There was no mandatory registration for
the course, except at the end of the course if the participants
wish to receive an official diploma or credits for the course.
The programming environment used in the course collects
keystroke data from course participants that is used for anal-
ysis of participants’ difficulties during the course as well as
monitoring excessive collaboration or plagiarism. In this study,
we had access to combined logs which include the number of
daily typing events, number of times when a program has been
tested, and number of submits. Typing events were further
divided into insert, edit, and paste events.
C. Measures and approach
Based on the typing data, we calculated daily statistics on
how much participants worked on each assignment; how much
they inserted text by typing, removed or pasted text, or how
many times each assignment was submitted. Inserts, removals
and paste events were all combined into a single measure
illustrating the typing activity. Unit-tests used for grading were
available for the participants and distributed together with
the assignments. Thus, submissions were a relatively accurate
proxy for getting the programming assignments correct (to
some extent). In this study, we had no access to the actual
study records and grading data.
We defined that a student was active on a week if they
worked on any of the programming assignments related to
that week by editing the source code. Based on this, we
calculated how many participants were active each week, and
corresponding weekly retention rates. In addition to retention,
we also calculated how many participants exited each week.
A participant was defined as exiting if they were active in the
week but not in any following weeks. Chi-square test was used
to compare if distributions of exit points between the course
versions were similar.
Two proportional exit rate measures were calculated for
each week separately for each course. One was relative to
the whole population (just like retention), and illustrated the
percentage of all the participants exiting each week. Another
rate was calculated proportional to the active students of the
week (instead of whole population). This measure “forgets”
participants who have exited already in earlier weeks and
presents the proportion of the same week actives who exited
the course.
Our second research question was related to effort – which
is a complicated construct [6]. In the present study, when
comparing how much effort participants on different course
versions were willing to put in, we focus on the number of
programming assignments worked on, number of submitted
programming assignments, total amount of typing events and
for how many calendar days the work was distributed. The
effort of students exiting at different stages of the course
(e.g., weeks 1 and 5) are likely very different. Thus, we
looked at sub-populations exiting at each week separately.
Multiple Wilcoxon rank sum tests were conducted to compare
the effort estimates between course versions. Comparisons
were conducted separately for the the cumulative activity that
happened during and before the exit week (i.e., week when
the dropout happens) and only the last week only.
IV. RESULTS
A. Retention
For each week, the number of active students and the
number of exiting students are provided in Table II. Exiting
students are calculated also in the active column as they
are active in the week when they drop out. Retention rates,
together with the exit rate measures are illustrated in Figure 1.
Chi-square tests of homogeneity were conducted to examine
distributions of exits within the courses. In both cases, the exits
were unevenly distributed with χ2(5) = 689.17, p < .000 and
χ2(5) = 5393.4, p < .000 respectively for fixed-schedule and
self-paced courses. Retention rates at the end of course were
significantly different (χ2(1) = 1055.3, p < .000); 45% of
the students in the fixed schedule MOOC are active during
the last week of the course, while for the self-paced MOOC
the number is 13%. In other words, the retention rate of the
fixed schedule is nearly 3.5 times higher than the retention
rate of the self-paced MOOC.
A Chi-square test of independence was calculated com-
paring the distribution of the weekly exits between course
versions. A significant interaction was found (χ2(6) = 1411.8,
p < .000). The related residuals are provided in Table II,
indicating that the majority of differences are related to week
one, although differences in weeks 2, 3, 4 and 6 are also
identifiable (i.e., abs(residual)>2). The residuals of the last
week merely confirm the earlier analysis on the differences in
the final retention.
B. Effort
Effort comparison of cumulative effort metrics is provided
in Table III. Because it is possible to skip a week (or do
only few assignments in a week) number of working days is
provided also as normalized for the number of assignments.
The number of typing events is provided only as normalized.
Each row in the table illustrates comparison of students exiting
the course at the same week. Sample sizes can be seen from
the exiting column of Table II. For each metric, we illustrate
the medians, Wilcoxon tests measure (W), p-value corrected
TABLE II
NUMBERS OF ACTIVE AND EXITING STUDENTS EACH WEEK AND
STANDARDIZED RESIDUALS OF CHI SQUARE TEST COMPARING DROPOUT
DISTRIBUTIONS OF THE COURSE VERSIONS.
fixed-schedule self-paced standardized
(n=3546) (n=4696) residuals (exiting
week active exiting active exiting between groups)
W1 2983 593 4653 2328 -30.89 30.89
W2 2708 550 2340 869 -3.58 3.58
W3 2398 340 1481 374 2.59 -2.59
W4 2056 180 1112 179 2.78 -2.78
W5 1877 105 937 146 -0.39 0.39
W6 1770 155 793 163 2.09 -2.09
W7 1623 1623 634 634 32.51 -32.51
corrected for multiple comparison with Bonferroni approach
(p.adj), and Cliff’s delta as an easy way to interpret the effect
size measure. Effect sizes greater than 0.33, indicating at least
medium difference between the populations are highlighted.
While the cumulative effort combines all the activity from
the course, we also investigated the differences in the exit
week activities separately – here, exit week refers to the last
week on the course on which the student is active. The results
are provided in Table IV
Interestingly practically no differences between the exit
week submits were observed, although different grading
schemes of the courses could have caused such differences. To
better understand the exit week behavior, we also investigated
the distribution of the number of exit week submits. These are
illustrated in Figure 2. Peaks at the high end of the histograms
indicate students that got full points from that week but did
not continue any further. For example, 29 and 74 of the first
week dropout submitted all the assignments, respectively for
the fixed-schedule and self-paced courses.
V. DISCUSSION
A. Differences in retention between the MOOCs
To begin with, the main differences in retention between
the MOOCs are visible early on in the course. Students in
the fixed-schedule version are more likely to persist in the
course early on, while students in the self-paced MOOC
are more likely to drop out early on. In the fixed-schedule,
approximately 17% of the students dropped out in the first
week, while in the self-paced MOOC approximately 50% of
the students dropped out in the first week. After the first week,
exit behavior is almost similar between the course versions.
Previous studies have suggested that dropping out from
MOOCs happens early on in the course [5], [17]. Our results
support this observation especially in the context of the self-
paced MOOC, where a significant dropout is observable early
on. At the same time, in the fixed-schedule version, the ratio
between the active and exiting students is the same for the first
two weeks. Our results, combined with those from previous
studies, suggest the existence of a power law in retention,
which is partially moderated by the course type.
We also highlight a phenomenon that has not previously
been studied in research related to MOOC dropouts. When
Retention rate Exit rate (rel. all) Exit (rel. week)



















Fig. 1. Comparison of retention rates and exit relative to the whole population and the week active separately (i.e., number of students exiting each week
divided by the population size or the number of active students in the same week).
TABLE III
COMPARISON OF CUMULATIVE EFFORT METRICS SEPARATELY FOR EACH
EXIT WEEK.
exit self- fixed- Cliff’s







1 11 10 668340.50 1.000 -0.032
2 58 47 140811.00 0.000 -0.411
3 92 74 29188.50 0.000 -0.541
4 119 93 7296.50 0.000 -0.547
5 150 116 2154.50 0.000 -0.719
6 161 124 5654.50 0.000 -0.552




1 10 9 650746.00 1.000 -0.057
2 57 45 136679.50 0.000 -0.428
3 90 68 28070.50 0.000 -0.559
4 117 85 6967.50 0.000 -0.568
5 148 113 2119.00 0.000 -0.724
6 160 121 5616.00 0.000 -0.555
7 177 146 217692.50 0.000 -0.577
da
ys
1 2 2 585540.50 0.000 -0.152
2 9 6 139756.50 0.000 -0.415
3 14 9 39235.00 0.000 -0.383
4 18 12 9788.50 0.000 -0.392
5 25 16 4566.50 0.000 -0.404
6 25 19 9000.00 0.000 -0.288








ts 1 0.25 0.20 607763.50 0.000 -0.120
2 0.17 0.15 227381.50 1.000 -0.049
3 0.16 0.15 61729.00 1.000 -0.029
4 0.16 0.15 14805.50 1.000 -0.081
5 0.17 0.16 6782.50 1.000 -0.115
6 0.16 0.16 11978.50 1.000 -0.052








ts 1 152.64 149.00 682779.00 1.000 -0.011
2 264.03 254.52 227369.00 1.000 -0.049
3 267.09 254.44 61079.00 1.000 -0.039
4 275.93 248.95 15006.00 1.000 -0.069
5 307.53 302.33 7094.00 1.000 -0.074
6 367.06 339.41 11560.00 1.000 -0.085
7 426.65 455.24 557909.50 0.000 0.084
TABLE IV
COMPARISON OF LAST WEEK EFFORT METRICS SEPARATELY FOR EACH EXIT
WEEK.
exit self- fixed- Cliff’s







1 11 10 668340.50 1.000 -0.032
2 16 14 220430.00 1.000 -0.078
3 17 15 56926.50 1.000 -0.105
4 10 9 15422.00 1.000 -0.043
5 14 11 6536.50 1.000 -0.147
6 8 7 12188.50 1.000 -0.035




1 10 9 650746.00 1.000 -0.057
2 15 12 214541.00 0.000 -0.102
3 16 14 55380.00 0.000 -0.129
4 10 8 14559.50 1.000 -0.096
5 12 10 6353.50 1.000 -0.171
6 7 5 11719.50 1.000 -0.072
7 9 9 496442.00 1.000 -0.035
da
ys
1 2 2 585540.50 0.000 -0.152
2 4 3 191532.00 0.000 -0.199
3 4 3 44890.00 0.000 -0.294
4 3 2 12080.00 0.000 -0.250
5 4 3 4758.50 0.000 -0.379
6 3 3 10231.00 0.000 -0.190








ts 1 0.25 0.20 607763.50 0.000 -0.120
2 0.30 0.25 207594.50 0.000 -0.131
3 0.27 0.20 48455.00 0.000 -0.238
4 0.33 0.26 13349.50 0.000 -0.171
5 0.46 0.31 6010.50 0.000 -0.216
6 0.50 0.45 10871.50 1.000 -0.139








ts 1 152.64 149.00 682779.00 1.000 -0.011
2 316.74 304.99 228317.50 1.000 -0.045
3 258.54 221.34 56776.00 1.000 -0.107
4 288.57 262.20 14018.00 1.000 -0.130
5 524.83 461.75 6161.00 0.000 -0.196
6 831.29 655.08 9728.00 0.000 -0.230
7 2063.79 1782.33 437461.50 0.000 -0.150
W1 W2 W3 W4 W5 W6
fixed
self
















Fig. 2. Histograms of submits in the exit week.
analyzing when the dropouts occur, we observed that both
MOOC versions have students who complete all programming
assignments in a week, but do not continue further. For
example, out of the students who chose to not continue into the
second week of the MOOC, approximately 5% completed all
the assignments in the first week. It is unclear what contributes
to this phenomenon. As the workload of a single week in the
course is over 10 hours, it is not clear to us why some would
invest such amount of time just to drop out next week. It
is possible that these students are such who, when they start
to work on something, put their effort to it, but who may
struggle with starting their work. Similarly, it is also possible
that some notice that the course is not for them, or notice
that the workload is too high. Further research is required to
investigate this phenomenon.
As mentioned above, it is possible that the dropouts are
influenced by other factors in addition to the schedule, one
of which is grading. In the self-paced MOOC, students were
expected to complete at least 90% of the programming as-
signments from each week before they could proceed to the
subsequent week. This was not the case in the fixed-schedule
MOOC, where students could hop in to the course even after
the course had started. Such hopping in to the fixed-schedule
MOOC is visible especially during the second week of the
course, where approximately 421 new students entered the
course. At the same time, the grading scheme of the fixed-
schedule incentives students to complete more assignments to
reach a good grade. Indeed, we observed (Table IV) that there
is no significant difference in the number of assignments that
students complete during the first week of the course.
Other factors such as students’ self-regulation, motivations,
and aspirations may influence the outcomes as well. We plan
to address these factors as well in the future. Next, we look
into the differences in students’ effort between the courses to
identify tacit behaviors that could be linked to some of these
factors.
B. Differences in effort between the courses
The differences in effort between the MOOCs was analyzed
using data collected by the programming environment. The
data was aggregated to create measures that quantified the
number of programming assignments that each student worked
on, the number of programming assignments that each student
submitted, the total number of typing events, and the number
of days to which each student distributed their effort per
programming assignment. These were aggregated to weekly
statistics that took into account only those students who were
active on that particular week (note that here weeks refer to
sections in study material, not calendar weeks).
When comparing the cumulative effort in the course (Ta-
ble III), students in the self-paced version complete more
assignments and work on the course on more days than the
students in the fixed-schedule version. At the same time, when
we study the number of days that each assignment took to
complete, or the typing events related to each assignment a
student worked with, no significant differences exist between
the MOOCs for the majority of the weeks. These results on
the cumulative effort can partially be explained by the grading
scheme differences between the courses: students in the self-
paced course were expected to complete more assignments
and for them to continue until a particular week, they must
have completed over 90% of the assignments in the previous
weeks. At the same time, students in the fixed-schedule version
can continue in the course even if they do not complete any
assignments. But, if students in the fixed-schedule version do
not complete the majority of the assignments, the grading
scheme of the course leads to a poor or a failed grade, which
might further incentive the students in the fixed-schedule
course to drop out.
Throughout the course, when comparing the courses and
considering only the last week on which the student was active
(Table IV), there is no difference in students’ effort in terms
of assignments worked on. Significant differences between the
courses exist in the number of assignments submitted on weeks
2 and 3, but the differences are very small. This speaks against
the role of the grading scheme explaining the differences in
retention and hints that those differences are related more
closely to scheduling. The main difference between the courses
is the number of days on which the students work on the
assignments. Students in the self-paced version space out
their work on more days than students on the fixed-schedule
version.
Overall, our research is in line with previous studies that
have linked effort with progress [10]. Moreover, while we
did not explicitly look into the effort invested in subsequent
days or in shorter time spans, evidence on the relationship
between high activity and performance within study sessions
exist [23]. Such behavior and consequently higher learning
outcomes may be encouraged in fixed-schedule courses, which
provide students a time frame and deadlines within which they
are expected to work.
C. Implications for practitioners
Based on our results and previous research, we highlight a
set of guidelines for managing MOOC schedules. First, as
we observe that students in the fixed-schedule MOOC are
less likely to drop out from the course, practitioners seeking
to maximize retention in MOOCs should consider running
their course as one or more fixed-schedule courses. Further,
simple email reminders can be an effective way of keeping
the students aware about the deadlines and schedules [33];
alternatively, mechanisms could be included to cope with
unexpected life events [28].
Second, as we observe that the early start (or early invest-
ment) in the course is a key factor that determines whether
students continue in the course, practitioners should invest
effort into making the first investments as easy as possible.
This could be realized, e.g., through using smaller assignments
as suggested by Denny [34], who have observed that students
are more likely to start working early on small assignments
than on large assignments, consequently increasing the overall
effort that students invest into the course.
Third, as there are participants in the MOOCs who drop
out, also likely to reasons out of their control, mechanisms
for bringing dropouts back should be considered. Practitioners
could, for example, invite dropouts from previous course
versions to participate in the next version that will be launched.
Furthermore, one could consider creating a buddy system
where students would support each others as proposed in [35].
Finally, we also observe that there exists a proportion of
students in the self-paced course version who complete the
course. It is possible that some of these students have such
commitments in their life that they cannot participate in fixed-
schedule courses. Thus, practitioners should consider ways
to offer self-paced course versions to students, although our
results imply that it might be beneficial to direct students
into self-paced or fixed-schedule courses based on some tacit
background factors, which we are currently unaware of.
D. Implications for researchers
Our work highlights multiple research directions for re-
searchers. First, as we observed significant differences in
dropout between the courses, looking deeper into the factors
that contribute to students dropping out (or staying) in courses
with different schedules could lead to interventions that can
increase retention.
Second, as mentioned previously, the main dropout happens
early on in the course. Thus, research into how one could
engage students to increase early investment and whether such
investment could increase retention is called for. Possibilities
in this area include, e.g., gamification, course material design,
as well as the previously mentioned use of smaller assign-
ments [34].
Finally, ways to balance grading and course format should
be studied. In our case, students who perform poorly and com-
plete only few assignments in the fixed-schedule version are
penalized, which may lead to unnecessary drop outs. Similarly,
for some students in the self-paced course, a boundary lower
than the 90% completed assignments could be more effective.
Identifying what types of students benefit from fixed schedules
and what types of students benefit from self-paced schedules,
and studying the interaction of these profiles with the effect
of grading on behavior could lead to new and more effective
ways of organizing and grading courses.
E. Limitations of work
Our study comes with a range of limitations, which we
address next. We acknowledge that the courses under study
have a specific topic (programming), which may attract par-
ticular type of students. Thus, further research that would look
into the generalizability of these results into other areas and
topics is needed. Second, as we have noted, the courses that
we studied have different grading schemes, which are bound
to influence students’ behavior. Again, further research on the
effect of grading schemes on MOOC completion is called for.
Third, we acknowledge that we did not have information of
students actual grades or course points, and did not look into
whether students learned in the courses or not. At the same
time, we quantified students behavior from the data logged
by the programming environment, and we consider it unlikely
that there would be a large number of students who would
continue working on the course assignments, going from one
to the next, without being able to actually complete them.
Fourth, students were able to choose between self-paced and
fixed-schedule MOOCs, which means there may be differences
in the students who choose the more strict scheduling option.
Further research is needed to account for this, for instance by
randomly assigning students to each version and seeing if the
differences hold.
VI. CONCLUSIONS
In this article, we analyzed students’ retention and effort
in self-paced and fixed-schedule MOOCs. The topic of the
MOOC was programming, and the measures with which
retention and effort were quantified were related to students
work on the programming assignments.
To summarize the results, our answers to the research
questions are as follows.
RQ1 What are the differences in retention between the stu-
dents in the self-paced and fixed-schedule MOOCs? Answer:
There are significant differences in retention between fixed-
schedule and self-paced MOOCs. Based on our data, when
measured through the effort and persistence in the first week,
students in a fixed-schedule MOOC are 3.5 times more likely
to persist in the course after than students in a self-paced
MOOC. While the drop out is most noticeable early on in
the course, the difference in dropout (students in self-paced
MOOC being more likely to drop out than students in the
fixed-schedule MOOC) persists almost all the way to the end
of the course.
RQ2 How does the effort (e.g., number of exercises or active
days) differ between the students in the self-paced and fixed-
schedule MOOCs? Answer: When focusing on the effort on
the week on which students drop out, no significant differences
in the number of assignments worked and submitted exist
between the fixed-schedule and self-paced MOOC. At the
same time, students in the self-paced MOOC space their work
over more days than students in the fixed-schedule MOOC.
If we consider the differences in cumulative effort, students
who stay in the self-paced course work on more assignments,
submit more assignments, and work on more days on average.
We acknowledge that this may be a product of the different
grading schemes of the courses, where the grading of the
fixed-schedule MOOC effectively encourages students who
complete only a handful of assignments to drop out, while the
grading of the self-paced MOOC enforces that students must
complete at least 90% of the assignments for a particular week
to continue to the next week.
Overall, we observed the common observation in MOOCs
– both studied MOOCs have high drop-out rates. At the
same time, the dropouts between the courses differ, meaning
that the course scheduling has an effect on dropout rates,
especially early on in the course. We also observed an in-
teresting phenomenon that should be studied further: in both
courses, a noticeable share of the participants complete all
or almost all assignments in a week, but do not continue to
the subsequent week. It is possible that there are some tacit
factors involved, such as a perceived future workload, which
may cause procrastination and inhibit students from starting
the next week.
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